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Abstract 
The effect of light availability on lake gross primary production (GPP) depends on the physical setting and meteoro-
logical and chemical conditions characterizing the lake. Although it has long been recognized that complex interactions 
between external and in-lake conditions affect whole-lake GPP, few studies have evaluated the importance of different 
drivers of daily and seasonal variability in GPP for a diverse set of lake types. In this study, we used a unique dataset 
covering a wide spectrum of lakes in terms of size, nutrient loading, and phytoplankton biomass, combined with high-
frequency meteorology, dissolved oxygen (DO), and light data to determine the GPP of the lakes and to investigate the 
degree of light limitation and photoinhibition of GPP over multiple time scales. A Bayesian modeling approach was 
employed to model diel changes in DO as a nonlinear function of light and temperature, making it possible to determine 
the parameters describing the light dependency of hourly GPP rates under in situ conditions. Of the 900 days analyzed, 
43% had moderate to strongly light-saturated GPP during midday summer conditions, and photoinhibition occurred on 
77% of these days. GPP became increasingly light-limited with increasing nutrient and phytoplankton concentrations, 
conditions that also reduced the likelihood of photoinhibition. The highest summer rates of GPP were found in the light-
limited, nonphotoinhibited lakes with elevated nutrient concentrations and phytoplankton biomass, although annual 
rates were much lower in these systems. Our results show that the interaction of light and nutrients affects the magnitude 
and temporal variability of GPP in lake ecosystems.
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Introduction
What regulates the gross primary production (GPP) of lake 
ecosystems? For decades, many studies have highlighted 
the important role of the availability of inorganic nutrients, 
primarily phosphorus and nitrogen. Vollenweider (1976) 
provided quantitative evidence demonstrating that 
phosphorus frequently limits phytoplankton productivity in 
many lakes. This finding was further confirmed in a series 
of whole-lake experiments in which phosphorus was found 
to be the main nutrient stimulating the growth of aquatic 
primary producers, including phytoplankton and periphyton 
(Schindler 1977). Observations showing that GPP increases 
with increasing total phosphorus (TP) concentrations 
across a globally distributed suite of lakes further support 
this theory (Hanson et al. 2003, Solomon et al. 2013). 
Other research has demonstrated that nitrogen can also be 
an important limiting nutrient for primary productivity in 
some lakes (e.g., Baron et al. 2000) and that both nitrogen 
and phosphorus can be co-limiting in many aquatic 
ecosystems (Elser et al. 2007). 
Despite the role of inorganic nutrients in regulating 
GPP, studies also highlight the importance of light availability 
(e.g., Jones 1992, Karlsson et al. 2009, Lewis 2011, Jones 
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et al. 2012). High light attenuation reduces the amount of 
light available for primary production and thereby may 
reduce volumetric rates of GPP. In an analysis across a 
large phosphorus gradient, Vadeboncoeur et al. (2003) 
found that while phytoplankton productivity increased 
with increasing nutrients, whole lake primary productivity 
decreased due to the suppression of benthic primary 
productivity. Across this lake gradient, increasing 
eutrophication initiated a switch from benthic to pelagic 
productivity dominance of total system primary produc-
tivity rather than an increase in whole-lake GPP. Further, 
experimental research has also shown that nutrient 
requirements for maintaining phytoplankton growth 
increase under low light conditions (Rhee and Gotham 
1981, Staehr and Sand-Jensen 2006) in systems with high 
light attenuation and/or deep mixing. Similarly, Karlsson 
et al. (2009) showed that colored terrestrial dissolved 
organic matter, which attenuates light, controlled GPP 
across a range of small oligotrophic lakes by regulating 
benthic primary production. These results are inconsistent 
with the idea that GPP in lakes is primarily controlled by 
nutrients because a large share of the world’s unproductive 
lakes may in fact be limited by light and not by nutrients. 
This idea agrees well with a recent synthesis by Lewis 
(2011) who found that incident irradiance has a strong and 
global effect on potential primary production in lakes at 
different latitudes worldwide. When nutrients and light 
availability in the water column are considered together, 
however, nutrient limitation is the dominant control on 
algal biomass and production (Lewis 2011). The 
importance of light availability for lake primary 
production therefore seems to depend strongly on the 
availability of nutrients. 
Considering only pelagic GPP, phytoplankton 
communities may become limited by light under certain 
combinations of mixing depth, nutrient availability, and 
background turbidity (Ptacnik et al. 2003, Berger et al. 
2006, Dickman et al. 2007). Also, at least over sub-diel 
time scales, light is the most important driver of primary 
production in a lake because GPP increases and decreases 
diurnally with incoming light. Additionally, light can be 
strongly limiting outside of summer conditions, especially 
in lakes that form ice and become snow covered. Observa-
tions that lake primary production is limited by nutrient 
availability may also be biased because GPP studies tradi-
tionally have been performed during high light summertime 
conditions (e.g., Hanson et al. 2003). However, the 
increased application of autonomous high frequency 
measurements of in-lake and meteorological properties 
makes it possible to estimate GPP across broad time scales 
and lake types to evaluate the importance of drivers such 
as light (Rose et al. 2016).
Experimental studies of light dependency of GPP 
typically predict a saturating relationship between GPP and 
irradiance (Fig. 1b and c) in response to the diurnal 
changes in light availability (Fig. 1a). At low irradiances, a 
linear relationship exists between primary production and 
irradiance due to light limitation (Fig. 1b). At higher 
irradiances, light saturation occurs, and GPP will not 
significantly increase with light because it is limited by 
other conditions, typically nutrients and temperature. 
Although this model of light saturation applies well to 
describe light dependency under controlled laboratory 
conditions with a range of fixed light intensities, studies on 
Fig. 1. Conceptual diagram of how diel changes in (a) irradiance 
relate to the light dependency of gross primary production under 
varying degrees of (b) light saturation, and (c) photoinhibition. The 
values inserted next to the lines represent the daily extreme values of 
the light saturation and photoinhibition index.
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phytoplankton communities in entire water columns and 
primary production of entire plant communities often show 
a response more closely approximating a linear relationship 
between light and GPP (Binzer et al. 2006, Hanson et al. 
2008). This linear relationship has generally been 
explained by self-shading within the community (i.e., by 
phytoplankton cells or by the plant canopy), where the 
upper part of the water column or canopy may be exposed 
to light saturated conditions but the lower part is not. In 
support of this linear approximation of light dependency 
and lake GPP, several studies (Staehr and Sand-Jensen 
2007, Torremorell et al. 2009, Staehr et al. 2010b, Laas et 
al. 2012) found that daily rates of GPP of temperate lakes 
in the northern hemisphere are linearly related to the daily 
mean surface irradiance. By contrast, investigations from 2 
tropical lakes in Brazil found GPP to decrease significantly 
with increasing light availability (Brighenti et al. 2015), 
and strong light saturation has also been found in shallow 
and oligotrophic ponds (Christensen et al. 2013). These 
opposing results highlight gaps in our current understanding 
of the importance and interaction of light and nutrients in 
regulating GPP within and between systems. 
Light limitation has previously been evaluated by 
comparing the onset of light saturation (Ik; Talling 1957) 
with the mean light level averaged over the mixing layer 
(Imean; Ferrero et al. 2006), where Ik values are typically 
obtained from short-term laboratory incubations at various 
light intensities. Here, we took advantage of a unique 
dataset of free-water high-frequency dissolved oxygen 
(DO) and light data to determine GPP and associated 
photosynthetic parameters that describe the light 
dependency of GPP in 15 lakes from 3 continents. We 
incorporated a novel Bayesian model of diel changes in 
free-water DO concentrations to determine these photosyn-
thetic parameters on a daily basis without the necessity of 
laboratory incubations. This process enabled us to evaluate 
temporal changes in light dependencies of GPP across a 
range of hourly to seasonal scales. We investigated the 
extent to which daily and seasonal changes in GPP are 
related to light availability and compared results from high 
light conditions in each lake to characterize the conditions 
that favor light saturation and photoinhibition of GPP. Our 
goal was to evaluate the importance of available light, 
latitude, lake size, nutrient status, and algal biomass on 
GPP and the degree of light limitation and photoinhibition 
during high light periods. Our hypothesis was that lakes 
characterized by high mean light availability (i.e., large, 
oligotrophic lakes near the equator and those with low 
dissolved organic carbon and low phytoplankton biomass) 
would be less light-limited and more prone to photoinhibi-
tion because of high light exposure and nutrient depletion 
in the surface mixed layer. Finally, we evaluated the 
importance of nutrients for the light dependency of GPP. 
Methods and materials
Study sites
The 15 study lakes covering 3 continents (Europe and 
North and South America) varied substantially with 
respect to size, depth, nutrient availability, algal biomass 
(as approximated by chlorophyll a [Chl-a] concentration), 
dissolved organic carbon concentration (DOC), and water 
clarity (Table 1). We focused on measurements obtained 
during times of the year with high light (late spring to 
early fall) to reduce effects of seasonal changes in 
irradiance and production associated with succession of 
species, nutrient inputs, and temperature. To illustrate the 
seasonal variability in the degree of light limitation and 
photoinhibition of GPP, we used 2 lakes with large datasets: 
Lake Bure and Lake Carioca. Although these lakes are 
similar in trophic status, size, and water transparency, Bure 
is temperate and Carioca is tropical.
Lake primary production
GPP was inferred from diel changes in DO concentrations. 
DO was measured on a half-hour frequency by sondes 
placed at a central station within the surface mixed layer. 
In our model (equation 1), changes in DO were explained 
by the balance of GPP, ecosystem respiration (R), and the 
exchange of DO with the atmosphere. Because advective 
mixing can be a major source of sub-daily variability in 
DO (Rose et al. 2014), we chose to restrict our analysis of 
light dependencies of GPP to days when the diel pattern in 
DO exhibited a distinct sinusoidal pattern, characteristic 
of biological processes dominating DO variability. 
The DO time series in each lake was modeled using 
the following equation adapted from Odum (1956):
 DO[t+1] = DO[t] + GPP − R + F + ε,  (1)
where DOt+1 and DOt are the DO concentrations (mg L−1) 
at times t + 1 and t; F is the flux of oxygen (O2) between 
the lake and the atmosphere; and ε is the process error 
(mg L−1) associated with vertical and horizontal 
exchanges of O2. 
The atmospheric flux was calculated as described by 
Staehr et al. (2010a):
 F = k600 (DO − DOsat)/Zmix,  (2)
where DO is the actual concentration in the water and 
DOsat is the concentration in water at equilibrium with the 
atmosphere at ambient temperature and pressure; Zmix is 
the mixed layer depth (m) calculated from high frequency 
temperature profiles (every 30 min) using the Lake 
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Analyzer software (Read et al. 2011); k (m d−1) is the 
transport coefficient of gas exchange for O2 calculated 
from the estimate of k600 and the ratio of Schmidt numbers 
(Sc) as k = k600 ((Sc/600)−0.5) according to Jahne et al. 
(1987). k600 (k for an Sc of 600) was estimated as a 
function of wind speed 10 m above the water surface (U10) 
and of the lake surface area (LA) according to Vachon and 
Prairie (2013):
  k600 = 2.51+1.48×U10 + 0.39× U10 × log10LA. (3)
GPP was considered a nonlinear function of irradiance 
with a degree of photoinhibition according to the model of 
Platt et al. (1980):
 GPP = PBmax (1 - e(-α
BI
mean[t]/P
B
max
)) 
 × ﴾e(-βImean[t])/P
B
max
)﴿ × B (4)
where PBmax is the light saturated rate of GPP normalized 
to the Chl-a concentration, αB is the initial linear slope of 
the photosynthesis versus light relationship normalized to 
the Chl-a concentration and describes the average rate of 
photosynthesis per unit of photosynthetically active 
radiation (PAR), Imean[t] is the average light available for 
the upper mixed layer (photons in mmol m−2 s−1) 
measured at time t, β is the coefficient of photoinhibition, 
and B is the primary producer biomass measured as the 
Chl-a concentration.
Table 1. Description of the lakes and datasets used in this analysis. Area is the surface area, Zmean is the mean depth, and Mix is the mixing type 
of the lake. Long and Lat give longitude and latitude in decimal degrees; positive values indicate north latitudes and east longitudes. TP, TN, 
DOC, Chl-a are mean summer epilimnetic values for total phosphorus, total nitrogen, dissolved organic carbon, and chlorophyll a, respec-
tively. I0 and Imean are average photon values from June to September (northern lakes) or December to March (southern lakes) between 1000 and 
1400 h for surface PAR and mean light available at the upper mixed layer. Kd is the summer mean value for the light attenuation coefficient. 
ZDO is the depth of the dissolved oxygen sensor, hwind is the height of the wind speed sensor. Ztemp is the depths of the water temperature profiles, 
where (Z0–Zn, n) indicates that the temperature was measured every “n” meters from Z0 to Zn meters inclusive.
Lake Area 
(km2)
Zmean 
(m)
Mix# Long 
(°)
Lat 
(°)
TP 
(µg 
L−1)
TN 
(mg 
L−1)
DOC 
(mg 
L−1)
Chl-a 
(µg 
L−1)
I0 (µmol 
m−2 s−1)
Imean 
(µmol 
m−2 s−1)
Kd 
(m−1)
ZDO 
(m)
 hwind 
(m)
Ztemp (m) Year
Acton 2.53 4.0 D −84.7 39.6 114 5.84 3.6 57.1 1950 320 2.32*§ 1.50 4.9 1; 3; 5; 7 2008
Bure 0.76 6.7 P 13.9 55.8 22 0.68 3.1 7.4 810 160 0.66§ 1.00 10.0 0.5; (1–9, 1) 2012
Carioca 0.14 4.8 MO −42.6 −19.7 6 0.25 5.4 5.5 1250** ¶ 1070 0.95 0.50 1.0 0.5; (2.5–
5.5,1); 7
2012
Castle 0.22 3.1 P 12.3 55.9 116 1.74 5.4 76.0 860 130 2.72 1.00 1.3 1; 2; 4; 5; 6; 
7
2006
Crystal 
Bog
0.01 2.0 P −89.6 46.0 27 0.68 11.5 19.2 1130 ¶ 140 2.86*§ 0.25 2.0 (0–2.25, 
0.25)
2008
Dom 
Helvécio
5.27 11.3 MO −42.5 −19.7 7 0.29 4.1 3.4 1250** 300 0.54 0.50 1.0 0.5; 2; 
(3.5–7.5,1); 
9; 10; 12; 15; 
21
2012
Feeagh 4.00 14.0 MO −9.6 53.9 7 0.13 7.8 1.8 810 80 0.82¤ 1.00 1.5 (2-14, 3); 
(16–22, 2); 
27; 32; 40
2006
Gribsø 0.10 5.3 D 12.3 55.9 70 0.70 12.8 37.5 650 160 2.18 1.00 1.3 0.5; (1–5,1); 
7; 10
2006
Hampensø 0.76 4.7 D 9.3 56.0 25 0.58 3.1 13.5 910 170 0.75 1.00 1.3 0.5; (1–5,1); 
7; 9; 11
2007
Muggelsee 7.46 5.0 P 13.6 52.4 105 0.91 8.0 33.5 1100*** 360 0.54 1.00 4.0 (0.5–5,0.5) 2012
Sparkling 0.64 11.0 D −89.7 46.0 10 0.23 3.2 1.3 1080 420 0.34*§ 0.50 2.0 (0–5,0.5); 6; 
7; (8–12,0.5); 
13; 15
2008
Trout 16.10 15.0 D −89.7 46.0 13 0.20 2.8 1.7 1130 340 0.30*§ 0.50$ 2.0 (0–19,1) 2008
Trout Bog 0.01 6.0 D −89.7 46.0 29 0.63 17.3 15.0 1130 ¶ 590 2.92*§ 0.25£ 2.0 (0–3,0.5); 4; 
5
2008
Vedstedsø 0.09 4.6 D 9.3 55.2 27 0.55 4.8 59.0 840 150 1.41§ 1.00 1.3 1; 2; 4; 
(5–11,2)
2008
Vortsjarv 270.0 3.0 P 26.0 58.3 40 0.90 12.5 32.7 820 160 0.79 1.00 4-5† 1; 2; 3; 4 2012
# D = dimictic, ME = meromictic, P = polymictic, MO = monomictic; * Kd estimates were made from measurements of absorption coefficients and Chl-a con-
centration; ** PAR derived from solar flux according to Oliveira (2010); *** PAR derived from solar flux according to Britton and Dodd (1976); § Weekly or 
every second weekly estimates of Kd was linearly interpolated to daily values; ¶ Some or all of I0 data were taken from a weather station <10 km from the buoy; 
¤ Kd = 1.45/Secchi depth. Monthly measurements were linear interpolated to daily values; $ No water temperature data at ZDO; used water temperature from 1 m 
depth; £ No water temperature data at ZDO; used water temperature from 0.5 m depth; † Wind height varies between 4 and 5 m, depending on water level of lake.
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The mean light available (Imean) for primary producers 
was calculated as an average of the light available within 
the surface mixed layer according to Staehr and 
Sand-Jensen (2007):
Imean  = (1 - b)×I0 × (1 - e 
-Kd Zmix )/(Kd × Zmix )   (5)
where Kd is the diffuse attenuation coefficient (m−1), I0 is 
the light intensity at the lake’s surface, and b is a constant 
of 0.1 selected for backscattering and surface reflectance 
(Kirk 1994). 
Ecosystem respiration (R) was considered as a function 
of water temperature based on Christensen et al. (2013):
 R = Rmax  × 1.07 (T[t]-25)  (6)
where Rmax is the respiration rate at 25 °C and T[t] is the 
water temperature (°C) at time t and at the same depth as 
the DO sensor.
Bayesian calibration
To reduce systematic uncertainties and bias in parameter 
estimates, we calibrated the metabolic model using Bayesian 
parameter inference (Honti et al. 2016). In contrast to a simple 
least squares optimization, the posterior probability of each 
parameter set was calculated from the product of a likelihood 
obtained by a plain independent normal error model 
(Holtgrieve et al. 2010) and the probability specified by the 
parameter’s prior distributions following Bayes’ rule. 
Parameter prior distributions were specified based on photo-
synthesis measurements of 25 Danish lakes (Staehr et al. 
2012). We calculated the maximum posterior probability and 
sampled the entire posterior distribution using a Markov 
Chain Monte Carlo procedure based on the Metropolis 
algorithm (Gamerman 1997) for each day, considering 10 000 
iterations after burn-in to estimate parameter uncertainty. To 
ensure some continuity of the model parameters across the 
subsequent calibration days, we applied a sequential 
parameter learning procedure by taking the posterior distribu-
tions of a day as priors for the next day. The only exception 
from this sequential learning procedure was our treatment of 
the standard deviations of model errors, which were calibrated 
together with the model parameters but allowed to be 
independent from one day to the other. 
Degree of light saturation and photoinhibition
The degree of light saturation (Isat; unitless) and photoinhibition 
(Iinh; unitless) under a certain ambient light intensity 
(Imean[t]) were calculated using the saturation and inhibition 
parts of equation 4:
Isat = 1-e
 (αB Imean[t] ), and     (7)
                   
PBmax
           
Iinh= e
(βImean[t] /P
B
max),       (8)
where PBmax, αB and β are as described in equation 4 and 
Imean as described in equation 5. High values of Isat indicate 
a high degree of light saturation (absence of light 
limitation) for a given day, and high values of Iinh indicate 
a low degree of photoinhibition for a given day. Light 
saturation and photoinhibition levels are sensitive to the range 
of light conditions in each case. A hypothetical sinusoidal 
light time-course for 1 day is also shown (Fig. 1), with 
maximum light intensity at noon of around 600 µmol m−2 s−1 
(Fig. 1a) and P–I curves with different Isat (Fig. 1b) and Iinh 
(Fig. 1c) used to establish 4 possible levels of light 
limitation and photoinhibition (Table 2).
Data analysis
To evaluate seasonal changes in the degree of light 
limitation and photoinhibition and to compare values 
among lakes, we estimated daily values of Isat and Iinh across 
a 4-hour period around noon (i.e., 1000–1400 h local time) 
for each lake-day. Outside of this time restriction, the lakes 
are likely limited by low light (Knoll et al. 2003). This 
process also removed problems with comparison among 
lakes with different day lengths. We restricted this seasonal 
analysis to the 4 months with the highest light intensities for 
each lake (Jun–Sep for northern hemisphere lakes and 
Dec–Mar for southern hemisphere lakes), restricting the 
number of days available for each lake to an average of 109 
(range 62–122), with 1641 total days for the entire 15 lakes 
(Table 1). Then, to make data analysis independent of 
sampling frequency across lakes, we subsampled the 
dataset on 60 randomly selected sonde days from each lake 
using the sample_n() function from the dplyr R package 
(Wickham and Francois 2015).
Table 2. Ranges of daily maximum values light saturation and photoinhibition according to their visual effects on 4 categories of GPP vs. light curves (Fig. 1).
Effect category light saturation photoinhibition
None Isat ≤ 0.4 0.8 < IInh ≤ 1
Low 0.4 < Isat ≤ 0.6 0.6 < IInh ≤ 0.8
Moderate 0.6 < Isat ≤ 0.8 0.4 < IInh≤ 0.6
High 0.8 < Isat ≤ 1.0 IInh≤ 0.4
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We predicted that lakes characterized by high mean light 
availability (e.g., large, oligotrophic lakes near the equator 
and/or those with low DOC and low phytoplankton biomass 
and shallow mixing) would be less light-limited and more 
prone to photoinhibition because of high light exposure and 
nutrient depletion in the surface mixed layer. To test our 
hypothesis, lakes were grouped into 3 different classes based 
on latitude. We defined low latitude lakes as those located 
between 23°S and 23°N, mid-latitude lakes between 24° and 
50°, and high latitude above 50°. For surface area, we 
considered small lakes as <1 km2, medium as 1–10 km2, and 
large as >10 km2. For the groups based on mean available 
light (Imean), we considered high Imean lakes as those with a 
summer average photon value of >0.5 mmol m−2 s−1 
between 1000 and 1400 h local time, medium Imean as those 
0.2–0.5 mmol m−2 s−1, and low Imean as those <0.2 mmol m−2 s−1. 
To classify lakes regarding nutrients (TP) and phytoplank-
ton biomass (estimated using Chl-a), we used the individual 
parameter value from Carlson’s trophic state index (Carlson 
1977). Lakes with TP < 12 µg L−1 and Chl-a < 2.6 µg L−1 
were considered oligotrophic, lakes with TP 12–24 µg L−1 
and Chl-a 2.6–20 µg L−1 mesotrophic, and lakes with high 
TP > 24 µg L−1 and Chl-a > 20 µg L−1 in an aggregated state 
of eutrophic or hyper-eutrophic.
Results
Model performance 
An example of the modeled DO time-series and the posterior 
parameter distributions obtained with the Bayesian 
calibration is shown for Lake Bure (Fig. 2). Observed diel 
changes in DO concentrations were modeled well; 95% 
confidence limits (CL) were generally small, and the mean 
model error standard deviation was 0.06 mg L−1 (range 
0.01–0.49 mg L−1). Posterior distributions of daily photosyn-
thetic and respiration parameters showed a gradual but 
modest change in the estimated parameter values over time 
(Fig. 2). Abrupt changes were rare and usually occurred 
independently for each parameter, although some did occur 
in parallel (such as RBmax and β on days 18 and 19 in Fig. 2). 
Overall, model fit of the DO–time analysis was of acceptable 
quality. The posterior mean standard deviation of model 
error ranged between 0.03 (Lake Sparkling) and 1.09 (Lake 
Acton) mg L−1. Correspondence was good between the mean 
width of 95% prediction CL and the typical diel variability in 
DO (mean diel variability of observed DO concentrations 
was 0.16 and 6.59 mg L−1 for Lakes Sparkling and Acton, 
respectively), suggesting that the relative accuracy of our 
model predictions was 15–20% across all lakes. 
Frequencies of light saturation and 
photoinhibition
Across the 900 randomly selected sonde lake-days, the 
distribution of the light saturation index was bimodal, 
with peaks at the ends of the scale in the 0–0.4 and 0.8–1.0 
ranges (Fig. 3). About 28% of the days had light saturation 
index values ≥0.8, suggesting that GPP was strongly light 
saturated during the midday period of these days. Up to 
29% of the days were found to have a low to moderate 
index of light saturation (Isat values 0.4–0.8), and for 43% 
of the sonde days, linear models indicated strong light 
limitation. Similarly, for 77% of lake-days, the photoinhi-
bition index was <0.4, suggesting that depression of GPP 
during midday was a common phenomenon in many 
lakes. GPP across a broad range of lakes during high light 
summer conditions therefore seems to occur under both 
Fig. 2. Dynamics of the modeled DO time series (left) and the corresponding posterior parameter distributions (right). Parameters include PBmax: 
Light-saturated rate of photosynthesis [mg O2 d−1 (µg Chl-a)−1]; αB: initial slope of the light–GPP curve [mg O2 d−1 (µg Chl-a)−1 (mmol m−2 s−1)−1]; 
RBmax: maximum rate of ecosystem respiration ([mg O2 d−1 (µg Chl-a)−1]); β: photoinhibition coefficient [mg O2 d−1 (µg Chl-a)−1 (mmol m−2 s−1)−1].
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light saturated and light-limited conditions, and for a 
substantial number of days, photoinhibition seemed to 
have a negative effect on daily GPP rates.
Diel changes in light dependencies 
Over each day, all lakes were light-limited during 
darkness and during periods of low light around dawn and 
dusk (light saturation index >0.4). This pattern was 
evident in a comparison of 2 diel patterns in light 
conditions and derived photosynthetic parameters of 2 
small mesotrophic lakes from Brazil (Carioca) and 
Denmark (Bure; Fig. 4). For both lakes, the photoinhibi-
tion and saturation indices were sensitive to even 
moderate reductions of incoming light. Both indices 
peaked around midday, indicative of light conditions that 
were saturating and inducing photoinhibition in both 
lakes, but especially in Lake Carioca. Although tropical 
Lake Carioca had higher light levels compared to 
temperate Lake Bure, these higher light conditions were 
associated with higher levels of light saturation and pho-
toinhibition. Although primary production was light 
saturated, decreased GPP during midday in Carioca corre-
sponded to high levels of photoinhibition. Thus, despite 
the 4-fold higher levels of available light in the upper 
mixed layer (Imean) in Lake Carioca, absence of photoinhi-
bition in Lake Bure caused daily GPP to be almost 4-fold 
higher (daily GPP O2 values of 1.7 vs. 0.5 mg L−1 d−1 in 
Bure and Carioca, respectively). 
Fig. 3. Frequency distribution of the light saturation (top) and pho-
toinhibition (bottom) index for 900 randomly selected summer days 
(60 days for each of the 15 lakes).
Fig. 4. Diel patterns in mean available irradiance (Imean), depth of the upper mixed layer (Zmix), gross primary production (GPP), and light 
dependent parameters over 2 days in Lake Carioca (top panels) and Lake Bure (bottom panels).
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Importance of light exposure and nutrients
Comparing across all lakes, the degree of light saturation 
and photoinhibition increased linearly with daily mean 
available light (Fig. 6). Lakes across all 3 trophic categories 
(oligotrophic, mesotrophic, and eutrophic) exhibited no 
clear difference in light dependency of the saturation index. 
Regression lines indicate that moderate saturation (index 
0.6–0.8) in eutrophic and oligotrophic lakes occurred at 
Imean photon values ~110 µmol m−2 s−1 and strong saturation 
(index >0.8) at levels >155 µmol m−2 s−1. The mean 
saturation index varied with trophic status; it was higher in 
the oligotrophic lakes (0.79 ± 0.03; average ± 95% CL) 
compared to mesotrophic (0.59 ± 0.04) and eutrophic 
(0.52 ± 0.03) lakes. Except for the oligotrophic lakes, the 
photoinhibition level increased linearly with Imean. 
Photoinhibition was overall more pronounced in the oligo-
trophic lakes (0.28 ± 0.03) compared to mesotrophic 
(0.43 ± 0.03) and eutrophic (0.42 ± 0.03) lakes, and strong 
inhibition (index <0.4) occurred at Imean levels >100 µmol m−2 s−1, 
although a large variation was found between trophic groupings 
of the lakes. 
Comparing light saturation and photoinhibition levels 
with nutrient concentrations (TP) for the individual lakes 
Seasonal variability in light dependencies
Seasonal changes in daily rates of GPP and daily indices of 
light saturation and photoinhibition were different for Lake 
Carioca and Lake Bure (Fig. 5). In the high light and warm 
tropical Lake Carioca, GPP was highest during the coolest 
season and had lower irradiance and higher Chl-a levels. The 
light saturation index was consistently high (mean Isat = 0.92), 
indicating that the high levels of Imean were sufficient to 
saturate photosynthesis. In Lake Carioca, no obvious 
seasonal pattern was noted in the light saturation index. By 
contrast, in temperate Lake Bure, GPP increased as Imean, 
temperature, and Chl-a increased and peaked at about the 
same time as temperature in midsummer, despite the later 
peak in Chl-a. In Lake Bure, the light saturation index was 
high for only short periods in late spring and exhibited a 
consistent decline over the course of the open-water season, 
indicating that GPP was light-limited during most of the 
year. Although the photoinhibition index was only slightly 
lower in Lake Carioca (mean 0.48, range 0.12–0.96) 
compared to Lake Bure (mean 0.52, range 0.21–0.88), the 
index was <0.4 for about half of the season in Carioca and 
on a few spring days in Lake Bure, indicating a more 
consistent impact of photoinhibition in the tropical lake.
Fig. 5. (a and c) Seasonal variation in daily average values of gross primary production (GPP), mean available light (Imean), water temperature, 
and Chl-a, and (b and d) daily (1000–1400 h) values of the light saturation (Isat) and photoinhibition (Iinh) index. Values for (a and b) Lake 
Carioca and (c and d) Lake Bure. GPP, Imean, Isat, and IInh were run through a low pass filter to reduce the daily noise of the time series.
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showed a nonlinear relationship of light saturation and 
photoinhibition with TP. Furthermore, the light saturation 
index was lower and the photoinhibition index was higher 
at high TP concentrations (Fig. 7). Accordingly, light 
saturated and photoinhibited conditions occurred primarily 
in lakes with TP values <20–25 µg L−1. 
Importance of lake conditions on GPP, light 
saturation, and photoinhibition 
Characterizing lakes according to latitude, area, light and 
nutrient levels, and algal biomass (measured as Chl-a 
concentration) showed that the highest volumetric GPP 
rates during summer conditions occurred in temperate 
lakes, especially the smaller- and medium-sized lakes, 
rich in nutrients and Chl-a but also with low light availa-
bility, measured by the mean available light in the water 
column (Imean; Fig. 8). Levels of photoinhibition and the 
degree of light-saturated primary production showed the 
same overall pattern, with the lowest saturation and 
inhibition levels (high values for photoinhibition index) in 
temperate lakes, a tendency for higher indices in large 
lakes, and higher light saturation and inhibition in lakes 
with high mean light availability and low TP algal 
biomass. These relationships were further supported by 
the correlation analysis, which showed that TP correlated 
strongly with TN and Chl-a (Table 3). Also, water clarity 
(Kd) decreased with increasing Chl-a and DOC as 
expected, whereas lake differences in mean light availabil-
ity were primarily caused by differences in surface 
irradiance rather than Kd and mixing depth. 
Discussion
Across all lakes, GPP during the seasonally high light 
period was nonsaturated and thus light-limited during 
nearly half the study time (43%). Previous research has 
demonstrated that light regulates whole-ecosystem GPP 
(Karlsson et al. 2009), due primarily to light limitation of 
benthic habitats. In pelagic measurements of GPP, 
however, most studies have highlighted the important 
role of limiting nutrients (e.g., Hanson et al. 2003, 
Solomon et al. 2013). The results presented here highlight 
the role of light limitation and photoinhibition for primary 
production across a globally distributed suite of lakes. 
Using the open-water oxygen technique, we cannot 
differentiate between pelagic and benthic habitats, 
implying that the results obtained demonstrate light 
regulation of GPP at the ecosystem level. Given that 
measurements were primarily focused on summer 
periods, during which incoming solar radiation is high, 
we suspect that light limitation is even more important 
during other periods of the year in most lakes. 
The phenomenon of light limitation of GPP as shown 
in our study is common in most lakes and supported by 
previous research. For example, Hanson et al. (2008) 
found that linear models of light-dependent daily GPP 
described oxygen data just as well as more complex 
models in temperate systems. Rose et al. (2014) 
furthermore found that uncertainty in GPP increases 
rapidly with declining light levels, implying that light is a 
primary factor limiting GPP at the daily scale. Evidence of 
light-limited GPP in a range of lakes has also been 
presented from an analysis of light saturation levels with 
available light conditions. Using this approach, evidence 
for light limitation has been provided for nutrient-rich 
eutrophic lakes (Visser et al. 1996, Phlips et al. 2000); 
turbulent waters such as large shallow lakes, estuaries and 
shallow coastal areas, and silt-rich lakes (Kromkamp and 
Peene 1995, Cloern 1999, Torremorell et al. 2009); humic 
lakes, (Nürnberg and Shaw 1998); and large, deep, wind-
exposed lakes that develop deep epilimnia (Soto 2002). 
Our analysis based on Bayesian modeling of high 
frequency measurements of free-water DO changes builds 
on and extends the findings of these previous studies in 
demonstrating that light-limited GPP commonly occurs 
even under high light conditions and in lakes distributed 
around the globe. Furthermore we found that light 
limitation may occur even in oligotrophic clear lakes but 
gradually increases with nutrient and phytoplankton 
enrichment, suggesting that reduced water clarity, which 
is often primarily related to self-shading by phytoplankton 
(Kromkamp and Peene 1995), causes ecosystem primary 
production to become increasingly light-limited.
Although light-limited GPP frequently occurred, 
moderate to strongly light-saturated conditions were 
identified for 43% of the 900 sonde days analyzed, and a 
surprisingly high number of days (77%) showed evidence 
of photoinhibition between 1000 and 1400 h. Strongly 
light-saturated conditions are known from shallow 
clear-water lakes dominated by macrophytes (Christensen 
et al. 2013), periphyton in streams (Guasch and Subater 
1995, Roberts et al. 2004), and oceanic phytoplankton 
(Ryther 1956, Perry et al. 1981), whereas documentation 
of photoinhibition is less common (Kok 1956, Barbosa 
and Tundisi 1980, Long et al. 1994). Comparing all lakes, 
the degree of light saturation and photoinhibition 
increased with daily mean available light (Fig. 6). The 
only exception was for photoinhibition in oligotrophic 
lakes, which showed a nonlinear light response. The light 
dependencies were remarkably similar across lakes of 
differing trophic status. For light limitation, this effect of 
nutrients (total nitrogen [TN] and TP) was evident as a 
nonlinear relationship (only shown for TP), suggesting 
strong responses in photo-physiology at low nutrient 
levels (Fig. 7a). Higher sensitivity of nutrient-poor lakes 
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 GPP IInh Isat I0 Imean Kd Zmix N2 TP TN Chl-a
IInh  0.57* 
Isat −0.68** −0.80***
I0 −0.2 −0.65**  0.70** 
Imean −0.36 −0.5  0.54*  0.62* 
Kd 0.48 0.16 −0.12 −0.14 −0.35
Zmix −0.5 0 0.08 −0.09 −0.09 −0.77***
N2 −0.18 −0.47 0.34 0.29 0.32 0.25 −0.59* 
TP  0.78*** 0.28 −0.51 −0.26 −0.18 0.41 −0.51 −0.09
TN  0.87*** 0.43 −0.53* −0.21 −0.18 0.43 −0.54* −0.18  0.92***
Chl-a  0.88***  0.56* −0.61* −0.3 −0.37  0.64* −0.60* −0.11  0.77***  0.82***
DOC 0.25 0.18 −0.27 −0.28 −0.19  0.62* −0.62* 0.14 0.36 0.33 0.4
Table 3. Spearman correlation analysis of relationships among metabolic rates and variables representing abiotic and biotic conditions of the 
water column. Abbreviations for variables follow Table 1, plus GPP is the gross primary production, IInh is the photoinhibition index, and Isat is 
the light saturation index, Zmix is the mixed layer depth, N2 is the Brunt-Vaisala water column buoyancy frequency. Numbers in bold indicate 
significant correlations (* 0.01 < p ≤ 0.05; ** 0.001 < p ≤ 0.01; *** p ≤ 0.001). The analysis is based on random 60 summer days for each lake. 
Metabolic, light, and mixing parameters represent values between 1000 and 1400 h.
Fig. 6. Comparison of (a) light saturation and (b) photoinhibition 
index with mean available light in the water column for all 15 lakes 
categorized according to their trophic status. Error bars are 95% CL. 
Dashed lines are linear regression fits for each category.
Fig. 7. Comparison of the summer average (a) light saturation and 
(b) photoinhibition index for each lake and the average summer con-
centration of total phosphorus (TP). The nonlinear curve is an 
exponential best fit: Ln(saturation) = −0.0121*TP − 0.1978, R2 = 
0.71, p = 0.0002. Error bars and shaded areas represent 95% CL.
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to saturation and photoinhibition at lower light levels 
could be due to several causes. First, oligotrophic lakes 
are more likely to have higher ultraviolet (UV) penetration 
and higher UV:PAR levels (Rose et al. 2009), which may 
make algal cells more sensitive to the damaging effects of 
UV. Alternatively, nutrient status is known to affect photo-
chemistry and the initiation of photoinhibition (Kolber et 
al. 1988, Geider et al. 1998). Given that oligotrophic lakes 
are by definition lower in nutrients, algal cells in these 
lakes may be more sensitive to physiologically damaging 
effects of excess light due to their poorer nutrient status. 
According to our analysis, photoinhibition is fairly 
common in lakes during high light conditions, most 
frequently observed in mid-latitude lakes and least in 
high latitude temperate lakes (Fig. 8). The occurrence of 
photoinhibition supports some previous results obtained 
from bottle incubations (Kok 1956, Barbosa and Tundisi 
1980, Long et al. 1994) but contradicts others (Macedo 
and Duarte 2006, Domingues et al. 2011). Photoinhibi-
tion prevailed under conditions with high light-saturating 
conditions and low GPP (Table 3), an expected finding 
because light-saturated GPP is a prerequisite for photoin-
hibition. The degree of mixing and water column 
turbulence has been suggested to regulate the degree of 
photoinhibition. Simulating different mixing conditions, 
Oliver et al. (2003) found that photoinhibition only 
occurred under stratified conditions, which exist when 
the water column is stable and turbulent mixing is 
reduced. Under these conditions, phytoplankton cells can 
be exposed to substantially higher light levels, including 
high UV. In support of this, we found that across all 
lakes high levels of photoinhibition correlated with high 
surface irradiance and high water column stability 
(denoted by N2), although the water column stability was 
not significant (Table 3). A similar correlation analysis 
for seasonal variability in Lakes Carioca and Bure, 
however, indicated a weak but significant relationship 
(rs = −0.21 and −0.32, respectively; p < 0.001) of pho-
toinhibition to increasing water column stability, 
although note that both light and thermal stability 
co-vary with the day of year. 
Comparing diel changes in Lake Carioca and Lake 
Bure (Fig. 4) also showed the importance of reductions of 
the mixed-layer depth during high light levels and related 
strong reductions in GPP. Diurnal stratification, which 
retains the phytoplankton in a shallow surface mixed 
layer, has previously been found to depress chlorophyll 
fluorescence in a tropical alpine lake (Vincent et al. 1984). 
Because the depression was rapidly reversed by 
incubations in low light, the strong immediate effect of 
irradiance rather than nutrients is likely responsible. In the 
shallow, mixed, high light Lake Carioca, GPP was 
frequently photoinhibited during midday but in Lake Bure 
was far less common. Lake Bure receives less light, is 
larger and more wind-exposed, and it has a deeper and 
weaker surface mixed layer. These factors reduce the 
likelihood of photoinhibition during the year compared 
to Lake Carioca (Fig. 5). Despite the lower degree of 
photoinhibition in Lake Bure, the relatively low photoin-
hibition index is somewhat unexpected given the much 
lower light conditions in this lake. One plausible 
explanation is that we underestimated the actual light 
exposure due to effects of diel stratification in Lake Bure, 
which would cause the 1 m sonde measurements to 
Fig. 8. Boxplots of GPP, light saturation and photoinhibition index. 
Boxes are the 10th, 25th, 75th, and 90th percentile and the median. 
Lakes are categorized according to latitude, surface area, mean 
available light (Imean), total phosphorus (TP), and phytoplankton 
biomass (Chl-a). Letters show differences between classes 
identified with Kruskall-wallis one-way ANOVA on ranks, 
followed by Dunn’s pairwise comparison test, with same letters 
signifying nonsignificant differences (p > 0.05).
604
DOI: 10.5268/IW-6.4.888
Staehr et al.
© International Society of Limnology 2016
represent oxygen dynamics of a much shallower depth 
where light conditions were much higher than those of the 
seasonal mixed layer (Coloso et al. 2011b). 
Despite the higher light levels in low latitude lakes, 
we found higher summer volumetric rates of GPP in the 
high latitude and nutrient- and phytoplankton-rich lakes, 
suggesting that although autotrophic production is mostly 
occurring under light-limited conditions in high latitude 
lakes, productivity still responds strongly to nutrient 
availability. Because light-saturated lakes are more prone 
to photoinhibition, this may partly explain why the light-
limited, nutrient-rich northern lakes are more productive 
during summer. Comparing lakes of similar nutrient 
status beyond the high light season (Mar–Nov), however, 
showed that annual volumetric production was twice as high 
in the high light (photon annual average Imean: 25 mol m−2 d−1), 
tropical Lake Carioca (O2: 544 mg L−1 yr−1) compared to 
the low-light (annual average Imean: 5 mol m−2 d−1) 
temperate Lake Bure (O2: 272 mg L−1 yr−1). This finding 
indicates that while summer productivity is sensitive to 
nutrient availability, overall annual GPP of a lake is 
strongly affected by light availability. 
Seasonal patterns in the light saturation index suggest 
moderate to strong limitation of GPP by light outside the 
high light periods. Although light is known to be a strong 
regulator of seasonal changes in GPP in some temperate 
lakes (Hanson et al. 2006, Staehr and Sand-Jensen 2007, 
Laas et al. 2012), the light dependency seems to be weak 
in others (Coloso et al. 2011a) and very different in 
tropical lakes (Brighenti et al. 2015). In tropical low 
latitude lakes such as Carioca, high light conditions were 
associated with reduced GPP related to a combination of 
nutrient depletion and photoinhibition caused by strong 
and shallow stratification during warm and high light 
conditions (Brighenti et al. 2015). In agreement with this, 
we found highest GPP in the tropical lake to occur under 
lower light conditions and closely follow seasonal 
changes in algal biomass. 
Use of Bayesian calibration to obtain metabolic 
parameters
The photosynthetic parameters of phytoplankton (PBmax, 
αB, β) formed the backbone of our metabolic model. Tradi-
tionally, these parameters have been determined using 
incubation experiments either in situ (under ambient light 
in bottles) or in the laboratory under a wide range of light 
intensities. Measurements based on incubation suffer from 
certain problems that all derive from the dynamic nature 
of photosynthesis: (1) in situ incubation provides a good 
estimate of production at a certain position yet does not 
adjust for the true vertical transport trajectories of phyto-
plankton through the water column, and moreover does 
not represent well the buoyancy/sinking mechanisms 
inherent in natural populations of phytoplankton prevents; 
and (2) incubation in the laboratory to measure an entire 
GPP versus light curve can be used to understand the 
long-term mean productivity under constant light but does 
not yield information on the diel variability of photosyn-
thesis and photoinhibition. These limitations mean that the 
parameters determined by incubation experiments do not 
necessarily provide a representative estimate for the true 
productivity of the water column. 
We calibrated the photosynthetic parameters by 
modeling high frequency DO measurements (Honti et al. 
2016). Although our model lacked the features of truly 
dynamic photosynthesis, including the gradual onset of 
and recovery from photoinhibition, calibration meant that 
we chose photosynthetic parameters that best described 
the observed diel dynamics of DO, given the structural 
limitations of a metabolic model. Because our model 
included some simplifying assumptions, such as a fully 
mixed epilimnion and absence of advective mixing, our 
optimal photosynthetic parameter values may be biased 
compared to the “true” values due to the common effect 
that calibrated model parameters are used to compensate 
for the deficiencies in the structure of the model. Given 
the present limitations of photosynthesis measurements 
and metabolic models, community-level photosynthetic 
parameters are likely not fully comparable between 
models and measurements. Some fluorescence-based 
methods are capable of measuring the photosynthetic 
parameters in situ. Pulse-amplitude modulated (PAM; e.g., 
Falkowski and Raven 2007) and delayed fluorescence-
based methods (e.g., Honti and Istvánovics 2011) can 
measure PBmax and αB. Because these measurements are 
taken instantaneously while traditional methods have an 
incubation duration, the existence of photoinhibition 
artifacts arise from a decline in PBmax and αB instead of a 
gradual decrease of PBmax under higher excitation 
intensities. In support of this, midday decreases in fluores-
cence have been observed (e.g., Marra et al. 1997) and 
explained by non-photochemical quenching caused by 
excess light exposure (Muller et al. 2001). The diel pattern 
we observe in photoinhibition during summer conditions 
supports these findings.
Implications of our findings
Although the complex interactions between a range of 
external and in-lake conditions affecting lake GPP have 
long been recognized, only a few studies (e.g., Hanson et 
al. 2006, Coloso et al. 2011a, Staehr et al. 2012, Solomon 
et al. 2013) have thoroughly investigated the 
importance of light conditions on hourly to seasonal 
time variability in GPP for a diverse set of lake types. 
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These studies collectively show the importance of the 
physical setting (lake morphometry, geology, catchment 
characteristics) and how it affects a range of meteorological 
(light, wind, temperature) and chemical (nutrients, DOC) 
conditions, which influence GPP over different time 
scales. The relative importance of changes/differences in 
light availability in regulating lake GPP will obviously 
interact with and depend on the physical setting and 
meteorological and chemical conditions characterizing 
the lake (Lewis 2011). In this work we found that GPP in 
many lakes is light-limited within diel time scales as well 
as over day-to-day to weekly time scales, even during the 
peak of the growth season when surface irradiance is 
highest. Light-saturated and photoinhibited GPP is also 
widespread, however, and the summer productivity seems 
more related to nutrient state of the lake than mean light 
availability, in agreement with Lewis (2011). On an 
annual scale, however, lakes of similar nutrient levels 
strongly depend on light availability, with higher annual 
GPP rates in low latitude lakes. Collectively, our findings 
demonstrate the dual importance of both light and 
nutrients in regulating the magnitude and temporal 
variability in GPP of lake ecosystems.
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